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ALGORITHM 1 WEIGHTED BORDA

INPUT: T, =[Tis,..., T;]. Vi=1,..,r, ORDERED ARRANGEMENT
OF m CANDIDATES FOR r RANKERS.

w = [W,,..., w;] - WHERE w; IS THE WEIGHT FOR RANKER i
OUTPUT: T - RANK AGGREGATED ARRANGEMENT OF
CANDIDATES IN DECREASING ORDER OF IMPORTANCE

1) INITIALIZE B, < 0, Vi=1,..., m, B; 1S THE BORDA SCORE OF

CANDIDATE /
2) FOR EACHRANKER p=1TOr
3) FOR EACH CANDIDATE i=1TO m
4) pi<=pi+t ((m-i+1)w))
5) FOR EACH CANDIDATE i=1TO m
6) pi< pilr

7) SORT IN DESCENDING ORDER, SUCH THAT
Ir=I[d,..., dm],ﬁdf > B4,V j=1,...m, | 7 |
8) RETURN T /

ALGORITHM 2 WEIGHTED LOCAL KEMENY (LK)

INPUT: T, =[Tis...,T;]. Vi=1,...,r, ORDERED ARRANGEMENT OF m
CANDIDATES FOR r RANKERS.

W = [W,,..., w,] - WHERE w; IS THE WEIGHT FOR RANKER i

1= [ig.., 4] - INITIAL ORDERED ARRANGEMENT OF M CANDIDATES
k - THE NUMBER CANDIDATES TO CONSIDER IN EACH RANKERS
PREFERENCE LIST (k < m)

OUTPUT: T - RANK AGGREGATED ARRANGEMENT OF CANDIDATES IN
DECREASING ORDER OF IMPORTANCE

1) INITIALIZE M,.J < 0,vij=1,....m
2) FOR EACHRANKER p=1TOTr

3) FOR EACH CANDIDATE 1 =1 TO k-1
4) FOR EACH CANDIDATE j= i+ 1TOKk
°) Mrpitp; <= Mroip + Wy

6) QUICK SORT 4, USING My, z1,. IF Mu,,p1,- My, 1, >0 THEN
# 1S GREATER THAN . IF My, 4~ My 1, =0 THEN g 1S EQUAL TO
;. \F My g My g <O THEN 42, 1S LESS THAN 14,

7) RETURN T

FIG. 6
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PREDICTING INFLUENCE IN SOCIAL
NETWORKS

BACKGROUND OF THE INVENTION

The present invention generally relates to social network
analysis, and more specifically, to predicting influence 1n
social networks.

Over the past decade, the Internet has created new channels
and enormous opportunities for companies to reach customs-
ers, advertise products, and transact business. In this well
established business model, companies fully control their
own web-based reputation via the content appearing on their
websites. The advent of Web 2.0, with 1ts emphasis on infor-
mation sharing and user collaboration, 1s fundamentally alter-
ing this landscape. Increasingly, the focal point of discussion
of all aspects of a company’s product portiolio 1s moving
from individual company websites to collaborative sites,
blogs, and forums—collectively known as Social Media. In
this new media essentially anyone can post comments and
opinions about companies and their products, which may
influence the perceptions and purchase behavior of a large
number of potential buyers. This 1s of obvious concern to
marketing organizations—not only 1s the spread of negative
information difficult to control, but 1t can be very difficult to
even detect 1t in the large space of blogs, forums, and social
networking sites.

The extent to which any reputation can be impacted by a
negative story depends heavily on where the story first
appears. Negative sentiment posted on an influential blog 1s
clearly more damaging than 1f 1t appears on an inconsequen-
tial blog. Conversely, marketing people may wish to inject a
positive view 1nto the blogosphere, and hence they need to
know who are the most influential bloggers relevant to a
specific topic. For this reason, rigorous measures of influence
and authority are essential to social media marketing.

Micro-blogs like Twitter have raised the stakes even further
relative to conventional blogs. Literally within minutes, a
story or opinion can spread to millions of individuals. Clearly,
the speed with which such a story propagates depends on the
degree of influence carried by the nodes that immediately
adopt the story.

Identifying the most important or prominent actors 1n a
network has been an area of much interest in Social Network
Analysis dating back to Moreno’s work in the 1930°s [J.
Moreno, Who shall Survive? Foundations of Sociometry,
Group Psychothervapy and Sociodrama. Washington D.C.:
Nervous and Mental Disease Publishing Co., 1934.]. This
interest has spurred the formulation of many graph-based
soc1o-metrics for ranking actors in complex physical, biologi-
cal and social networks. These sociometrics are usually based
on intuitive notions such as access and control over resources,
or brokerage of information [D. Knoke and R. Burt, Applied
Network Analysis. Newbury Park, Calif.: Sage, 1983, ch.
Prominence.]; and has yielded measures such as Degree Cen-
trality, Closeness Centrality and Betweeness Centrality [S.
Wasserman and K. Faust, Social Network Analysis:
Methods & Applications. Cambridge, UK: Cambridge Uni-
versity Press, 1994.].

In the exploratory analysis of networks, the question of
whether these measures of centrality really capture what we
mean by “importance” 1s often not directly addressed. How-
ever, when such sociometrics start being used to drive deci-
sions 1 more quantitative fields, there emerges a need to
empirically answer this question. Probably the most popular
of these measures 1n the Data Miming community 1s PageR -
ank, which 1s a variant of Eigenvector Centrality [L. Katz, “A
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new status index derived from sociomertric analysis,” Psy-
chometika, vol. 18, pp. 39-43, 1953 .]. Once its use 1n Infor-
mation Retrieval (IR) and Web search 1n particular became
popular, 1t led to more rigorous evaluation of PageRank and
variants on measurable IR tasks [M. Richardson, A. Prakash,
and E. Brill, “Beyond pagerank: machine learming for static
ranking,” in WWW, 2006.], [T. H. Haveliwala, ““Topic-sensi-
tive pagerank: A context-sensitive ranking algorithm for web
search,” IEEE Tvans. on Knowl, and Data Eng.,vol. 15,n0. 4,
pp. 784-796, 2003].

With the rise of Web 2.0, with 1ts focus on user-generated
content and social networks, various socio-metrics are being
increasingly used to produce ranked lists of “top” bloggers,
twitterers, etc. Do these rankings really identity “influential”™
authors, and 1f so, which ranking 1s better? With the increased
demand for Social Media Analytics, with its focus on deriving
marketing insight from the analysis of blogs and other social
media, there 1s a growing need to address this question.

BRIEF SUMMARY

Embodiments of the invention provide a method, system
and computer program product for predicting influence 1n a
social network. In one embodiment, the invention provides a
method comprising identifying a set of users of the social
network, and 1dentifying a subset of the users as influential
users based on defined criteria. A multitude of measures are
identified as predictors of which ones of the set of users are
the intluential users. These measures are aggregated, and a
composite predictor model 1s formed based on this aggrega-
tion. This composite predictor model 1s used to predict which
ones of the set of users will have a specified influence 1n the
social network 1n the future.

In one embodiment, messages are sent by and among the
set of users of the network, and the specified influence 1s
based on the messages sent from the users; and, for example,
in an embodiment, the specified influence may be based on
the number of messages sent from each user that are re-sent
by other users.

In an embodiment, a traiming set of data 1s used to deter-
mine, for each of the measures, an effectiveness of the mea-
sure as predicting which ones of the set of users sent the
messages that were most re-sent by other users. In this
embodiment, the measures are aggregated based on the deter-
mined effectiveness of each of the measures. In one embodi-
ment, all of the multitude of measures are used to form the
composite predictor model. In an embodiment, only some of
the multitude of measures are used to form the composite
predictor model. In one embodiment, the composite predictor
model 1s formed by combining all of said measures through
logistic regression.

In one embodiment, the set of users 1s separated 1nto dif-
ferent classes according to degrees of influence of the users
based on said defined criteria, and the composite predictor
model 1s used to predict how often users in these different
classes will have the specified effect 1n the social network 1n
the future.

In an embodiment, the set of users 1s separated 1nto differ-
ent classes according to a degree of influence of each of the
users based on said defined critenia, and the aggregating of the
measures 1s based on an accuracy of each of the measures as
a predictor of which of the users are in which of the classes.

In an embodiment, different weights are assigned to the
multitude of measures to form a supervised rank aggregation
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of these measures, and this supervised rank aggregation 1s
used to form the composite predictor model.

BRIEF DESCRIPTION OF THE SEVERAL
VIEWS OF THE DRAWINGS

FIG. 1 shows graphs based on three different relationships
between users of a social network.

FI1G. 2 illustrates a procedure for evaluating measures of
influence 1n a social network.

FIG. 3 1s a graph showing the distribution of activity of a set
of Twitter users.

FIG. 4 1s a graphs illustrating the results of combining,
different socio-metrics to predict intluential people in a social
network.

FI1G. 5 1s a graph showing PageRanks on different graphs.

FIG. 6 shows two algorithms that may be used 1n embodi-
ments of the invention.

FIG. 7 1s a graph comparing supervised vs. unsupervised
rank aggregation methods.

FIG. 8 illustrates the performance of rank aggregation
techniques with increasing training data.

FIG. 9 shows a computing environment that may be used to
implement an embodiment of the invention.

DETAILED DESCRIPTION

As will be appreciated by one skilled 1n the art, embodi-
ments of the present invention may be embodied as a system,
method or computer program product. Accordingly, embodi-
ments of the present invention may take the form of an
entirely hardware embodiment, an entirely software embodi-
ment (including firmware, resident software, micro-code,
etc.) or an embodiment combining software and hardware
aspects that may all generally be referred to herein as a “cir-
cuit,” “module” or “system.” Furthermore, embodiments of
the present invention may take the form of a computer pro-
gram product embodied 1n any tangible medium of expres-
s1on having computer usable program code embodied in the
medium.

Any combination of one or more computer usable or com-
puter readable medium(s) may be utilized. The computer-
usable or computer-readable medium may be, for example
but not limited to, an electronic, magnetic, optical, electro-
magnetic, inifrared, or semiconductor system, apparatus,
device, or propagation medium. More specific examples (a
non-exhaustive list) of the computer-readable medium would
include the following: an electrical connection having one or
more wires, a portable computer diskette, a hard disk, a ran-
dom access memory (RAM), a read-only memory (ROM), an
erasable programmable read-only memory (EPROM or Flash
memory ), an optical fiber, a portable compact disc read-only
memory (CDROM), an optical storage device, a transmission
media such as those supporting the Internet or an intranet, or
a magnetic storage device. Note that the computer-usable or
computer-readable medium could even be paper or another
suitable medium, upon which the program 1s printed, as the
program can be electronically captured, via, for instance,
optical scanning of the paper or other medium, then com-
piled, interpreted, or otherwise processed 1n a suitable man-
ner, 1f necessary, and then stored 1n a computer memory. In the
context of this document, a computer-usable or computer-
readable medium may be any medium that can contain, store,
communicate, propagate, or transport the program for use by
or in connection with the istruction execution system, appa-
ratus, or device. The computer-usable medium may include a
propagated data signal with the computer-usable program
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4

code embodied therewith, either 1n baseband or as part of a
carrier wave. The computer usable program code may be
transmitted using any appropriate medium, including but not
limited to wireless, wireline, optical fiber cable, RF, etc.

Computer program code for carrying out operations of the
present invention may be written 1n any combination of one or
more programming languages, including an object oriented
programming language such as Java, Smalltalk, C++ or the
like and conventional procedural programming languages,
such as the “C” programming language or similar program-
ming languages. The program code may execute entirely on
the user’s computer, partly on the user’s computer, as a stand-
alone soitware package, partly on the user’s computer and
partly on a remote computer or entirely on the remote com-
puter or server. In the latter scenario, the remote computer
may be connected to the user’s computer through any type of
network, including a local area network (LAN) or a wide area
network (WAN), or the connection may be made to an exter-
nal computer (for example, through the Internet using an
Internet Service Provider).

The present invention 1s described below with reference to
flowchart illustrations and/or block diagrams of methods,
apparatus (systems) and computer program products accord-
ing to embodiments of the invention. It will be understood
that each block of the flowchart illustrations and/or block
diagrams, and combinations of blocks in the flowchart 1llus-
trations and/or block diagrams, can be implemented by com-
puter program instructions. These computer program instruc-
tions may be provided to a processor of a general purpose
computer, special purpose computer, or other programmable
data processing apparatus to produce a machine, such that the
instructions, which execute via the processor of the computer
or other programmable data processing apparatus, create
means for implementing the functions/acts specified 1n the
flowchart and/or block diagram block or blocks. These com-
puter program instructions may also be stored 1n a computer-
readable medium that can direct a computer or other pro-
grammable data processing apparatus to function 1 a
particular manner, such that the mnstructions stored in the
computer-readable medium produce an article of manufac-
ture including instruction means which implement the func-
tion/act specified in the flowchart and/or block diagram block
or blocks.

The computer program instructions may also be loaded
onto a computer or other programmable data processing
apparatus to cause a series of operational steps to be per-
formed on the computer or other programmable apparatus to
produce a computer implemented process such that the
instructions which execute on the computer or other program-
mable apparatus provide processes for implementing the
functions/acts specified in the tlowchart and/or block diagram
block or blocks.

The present invention relates to social network analysis,
and more specifically, to predicting intluence 1n social net-
works. The question of whether a particular influence mea-
sure 1s good 1s ill-posed, unless 1t 1s put 1n the context of a
measurable task or desired outcome. Constructing such pre-
dictive tasks of interest, not only guides the choice of rela-
tionships, but also allows for the quantitative comparison of
different socio-metrics.

Taking a predictive perspective of measures of ifluence
can also suggest alternative socio-metrics, and embodiment
of the invention combine aspects of different measures to
produce a composite ranking mechanism that 1s most benefi-
cial for each desired predictive task. Embodiments of the
invention compare several approaches to combining influ-
ence measures through rank aggregation methods, such as
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approximation of Kemeny optimal aggregation [G. Dwork,
R. Kumar, R. Naor, and D. Sivakumar, “Rank aggregation
methods for the web,” in WWW, 2001]. In addition, embodi-
ments of the invention use novel supervised rank aggregation
techniques that leverage the ground truth on a subset of users
to Turther improve ranking.

One embodiment of the mvention that has been actually
reduced to practice 1s based on a case study of forty-million
users of the social networking website Twitter.

Twitter 1s a free social networking and microblogging ser-
vice that enables 1ts users to post and read messages known as
tweets. Tweets are short texts of up to 140 characters. They are
displayed on the profile page of the author, as a response to
any search that matches the keywords, and delivered to the
author’s subscribers who are known as followers. All users
can send and receive tweets via the Twitter website, Short
Message Service (SMS) or external applications. Many of the
more formal 1nteractions discussed below (retweet, mention
and reply) have grown out of the usage patterns and are only
now starting to be formalized and embedded 1n the Twatter
interface.

Follower/Friend: Any Twitter user 1 can choose to follow
another user k. This primarily means that user 1 will be able to
see the tweets posted by user k. User 11s called a follower of
user k and sometimes the inverse relationship 1s denoted as k
being a friend of 1.

Retweet: When a user 1 wants to share a tweet by k with his
followers, he can retweet that tweet. This will add the user-
name of k 1n the form “RT @Xk” to the beginning of the tweet
and copy the content of the original after that.

Reply: Some users communicate via Twitter with each
other. If user 1 wants to talk to or reply to user k the tweet
would start with “@k” followed by the message.

Mention: If you do not want to talk to somebody but rather
about somebody the username appears somewhere later in the
tweet and 1t will be called a mention.

Hashtags: These tokens originated as a community-driven
convention for adding metadata to tweets. They appear 1n the
tweet preceded by a “#”, and are primarily used to create
groupings.

Data Collection and Graph Construction

The first set of data that we collected through Twitter’s
Search API was by searching on terms referring to “Company
A”.

Base User List: A keyword search on “Company A” gen-
crated a list of tweets available for the last 7-10 days. This data
was gathered regularly for a month. We then built a list of
9625 users that had made the most recent tweets 1n this set.
This was our base set of users for the balance of the study.

We are interested 1n the social networks and how people
influence each other leading to viral phenomena. The first
question 1s how do we define the social Twitter graph? One
answer would be the follower relationship. The advantage of
the follower graph illustrated in FIG. 1, 1s that it 1s easily
obtainable through the Twitter API. However, many users
have 100K or more friends and therefore following may not
be a very strong relationship that really influences behavior.
For this reason, we examine two other graphs also described
below, illustrated in FIG. 1.

Follower Graph: The follower graph was generated by
obtaining mformation about each user through the Twitter
REST API. We started with the base list of 9625 users, and
added all their followers. This first 1teration added ~2.5 mil-
lion new unique users. A second 1teration of the same process
results 1n ~35 million users. Note that this does not imply that
the users are active, only that they were 1n the system during,

our data pull between Nov. 23 and Nov. 29, 2009.
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TABLE 1

GRAPH STATISTICS

Follower Retweet Mention
Statistic Graph Graph Graph
Number of users 39,855,505 412,774 637,509
Number of edges 1,098,443,217 975,326 1,473,361
Max. in-degree 3,985,581 9,860 14,313
Max. out-degree 153,926 1,318 4,477

In addition to the somewhat static Follower Graph, we
consider two alternative, implicitly embedded graphs that
reflect the users current behavior: the Retweet Graph and the
Mention Graph. We build graphs of who retweeted whom and
who 1s talking to or about whom. Unfortunately this informa-
tion 1s not directly available and has to be extracted from the
tweets. As noted above, both retweet and mention/reply will
create tags that start with a “@)”, followed by the name of the
user that 1s replied to, mentioned, or retweeted. To 1dentify
tweets that contain this information, we started with our base
list of 10K users. We then search for all tweets that contained
any ol the usernames 1n our base list preceded by “@”. We
obtained a unique list of users that made these tweets—they
either mentioned a user in the base list or retweeted a tweet by
a user 1n the base list. Using this list we pulled a second
iteration of tweets. We repeated this one more time to gener-
ate a third 1teration. The three 1terations cover tweets during
the time period from Nov. 11 to Nov. 19, 2009. From these
three 1terations, we can extract a) links between users origi-
nating from retweets and b) links between users that reflect
mentions or replies.

Retweet Graph and Weighted Retweet Graph: We parse all
three 1iterations of tweets from the previous searches and
extract only those tweets by a user 1 that start with the 1ndi-
cators of retweets, such as “RT (@k”. A link from user 1to user
k 1n this graph means that 1 1s retweeting k. We generate two
versions of the retweet graph, one collapsing all repeat
retweets from the same user 1 to the user k into just one edge.
The second version uses the number of retweet instances as
edge weights.

Mention Graph and Weighted Mention Graph: The only
difference 1n the construction of the Mention Graph over the
Retweet Graph 1s that we 1gnore any retweets starting with
“R1”” and only look for occurrences of names in the text of the
tweet. We generate two versions of the Mention Graph just as
we did for the Retweet Graph. The dimensions of these graphs
are presented in Table 1.

Test Data: Ultimately we want to predict outbursts of
retweets. So once these three graphs were generated, we
continued obtaining additional data over the next week from
Nov. 26 to Dec. 3, 2009. We gathered the first iteration of the
retweet graph to keep track of how often the users 1n the base
list were retweeted. We also collected all of the tweets by the
original 10K users.

Measure Definition

TABLE 11
MEASURE DEFINITIONS
Measure Definition
Followers Follower Graph Indegree
Friends Follower Graph Outdegree
Follower Pagerank Follower Graph Pagerank

Distinct Past Retweets
People Retweeted

Retweet Graph Indegree
Retweet Graph Outdegree
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TABLE II-continued
CASURE DEFINITIONS
Measure Definition
Retweet Pagerank Retweet Graph Pagerank
Past Retweets Weighted Retweet Graph Indegree

Retweets Made Weighted Retweet Graph Outdegree

Distinct Mentions Recerved Mention Graph Indegree
People Mentioned Mention Graph Outdegree
Mention Pagerank Mention Graph Pagerank

Weighted Mention Graph Indegree
Weighted Mention Graph Outdegree

Mentions Received
Mentions Made

For any directed graph we can compute the following mea-

sures on the nodes: mn-degree (number of arcs pointing to the
node), out-degree (number of arcs pointing from the node),
PageRank (measure described 1n [S. Brin and L. Page, “The
anatomy ol a large-scale hypertextual web search engine,”
Computer Networks, vol. 30, no. 1-7, pp. 107-117, 1998.]).
We generate these measures for each of the three graphs and
the weighted variants described earlier. Table II lists the graph
measures, along with more intuitive names, and some statis-
tics on each for our 10K base user list. We also include the
target variable, 1.e., the number of retweets during the test
phase, and the number of tweets during the same phase for
these users. Instead of using the raw graph-based measures
described above, we transformed them into percentiles.
Empirically we found that percentile rank transformation
(essentially converting 1t into a uniform distribution) worked
better for modeling than using the raw values or a log-trans-
formation.

Activity Statistics

Additionally, we analyzed Twitter user activity data for 2.4
million users 1n our data set. We found that 713,464 of these
users had no tweets 1n over 30 days, and are possibly mactive
or read-only users. The average tweets per day was 3.24 (4.40
if we exclude the nactive users). FIG. 2 shows the distribu-
tion of user activity in this universe.

Identifying Viral Potential

One of the biggest opportunities and threats presented by
social media 1s the viral outbreak of messages, videos, tweets,
memes [J. Leskovec, L. Backstrom, and J. Klemnberg,
“Meme-tracking and the dynamics of the news cycle,” 1n
KDD, 2009.], etc. For marketing and PR organizations this
can be a boon or curse based on the sentiment expressed 1n
these messages towards specific brands, products or entities.
As such, marketers are constantly looking for ways to 1ntlu-
ence positive outbreaks or thwart negative ones. Either way,
they often base their actions on the percerved importance of
authors 1n the social media space.

In the micro-blogging umverse of Twitter, this suggests
that a useful task would be to predict which twitterers will be
significantly rebroadcasted via retweets. We construct such a
task from our data by dividing users in our test phase into two
classes—people who have been retweeted 100 [8] or more
times within a week, and those who have not. Roughly 1.6%
of our population (151 people) fall in the first target class.
With reference to FIG. 3, we treat this as a binary classifica-
tion problem, where we use logistic regression to train a
model on the different ranking measures on historical data,
and then use 1t to predict the potential for viral retweeting 1n
the test time period.

With reference to FIG. 4, since we are primarily concerned
with how well these measures perform at ranking users, we
compare the area under the ROC curve (AUC) based on using
cach measure by 1tself, as well as a composite model that uses
all measures as independent variables 1n a logistic regression
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model. In FIG. 4, curves 41 and 42 show the true positive rate
vs. false positive rate using, respectively, people mentioned
and followers as the metric. Curve 44 shows the true positive
vs. Talse positive using past retweets as the metric, and curve
45 shows the true positive rate vs. the false positive rate using
a composite ranking as the metric.

The results of our 10-fold cross-validation experiments are
summarized in Table II1. We find that 9 of the 13 measures by
themselves are quite effective at ranking the top potentially
viral twitterers with an AUC>0.8. Not surprisingly, the total
number of times that someone has been retweeted in the
recent past, as well the number of distinct people who have
retweeted this person, are the most predictive measures.
However, just using the number of followers produces an
equally good ranking. Note that the Spearman rank correla-
tion between Distinct Past Retweets and Followers 1s not high
(0.43), suggesting that there are multiple forces at work here.

Pageranks on the Retweet Graph and Follower Graph also
perform well (FIG. §), but not as well the in-degree measures
on the corresponding graphs. This may suggest that for
people who are retweeted a lot, 1t 1s sullicient to deduce this
from their immediate neighbors 1n the Follower Graph and
Retweet Graph. It would appear that the intuition behind
PageRank, that links from people with higher ranks are more
important, does not apply 1n this case. In FIG. §, the Retweet
graph 1s shown at 51, the Follower graph 1s shown at 52, and
the Mention graph 1s shown at 53.

Finally, we observe that combining all measures through
logistic regression provides a substantially better ranking
than any one of these measures 1n 1solation. This 1mprove-
ment can be seen 1n FI1G. 4, where we compare the composite
ranking to the best individual measure

TABLE III

COMPARING DIFFERENT RANKING MEASURES
FOR IDENTIFYING POTENTIAL FOR

VIRAL REBROADCASTING.
Measure AUC
Past Retweets 0.884
Distinct Past Retweets 0.884
Followers 0.884
Retweet Pagerank 0.870
Follower Pagerank 0.862
People Retweeted 0.844
Retweets Made 0.842
People Mentioned 0.841
Mentions Made 0.828
Friends 0.760
Mention Pagerank 0.685
Distinct Mentions Received 0.560
Mentions Recerved 0.560
Composite 0.953

from each graph. In addition, we performed ablation studies,
where we built three additional composite models as before
but 1gnored either the Retweet Graph, Follower Graph or
Mention Graph in each. The ranking results, presented 1n
Table IV, show that removing measures from any of the three
graphs diminishes our ability to identily viral potential. This
underscores the fact that each aspect (network of followers,
diffusion of past retweets, and interactions through replies
and mentions) contributes to one’s potential to reach a large
audience. By focusing on selecting a single centrality mea-
sure to capture imfluence we would miss out on the opportu-
nity to more precisely detect potentially viral tweets.
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TABLE

IV

COMPARING PERFORMANCE WITHOUT USING MEASURES
FROM BEACH GRAPH. THE BASELINE AUC IS 0.953.

Ablation AUC >
No Retweet Graph 0.926
No Mention Graph 0.948
No Follower Graph 0.908
10

Predicting Level of Attention

Though 1dentifying the most influential players 1s usually
paramount, marketing organization are also keen to under-
stand their entire customer base. This suggests an alternative
to focusing on the most retweeted individuals, which 1s to
predict different levels of audience attention a twitterer
recetrves. For this task, we divide users into four classes based
on the amount a person 1s retweeted, and try to predict this
level of retweeting from historical data. The class definitions
and sizes are presented 1n Table V. As before we run experi-
ments comparing the performance of each individual ranking,
measure versus logistic regression applied to all measures.
Since we care about effectively segmenting the population,

we compare overall classification accuracy on the 4-class
problem, presented 1n Table V1.
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TABLE V

DEFINITION OF CLASSES BASED

ON LEVEL OF AT'TENTION. 30

Class Class Size

Range of retweets

None 0
Low 1-19
Medium 20-99
High =09

4743
3936
795

151 3

As 1n the task of predicting viral potential, we observe that
while several measures help discriminate between classes,
the composite of these measures performs best. This rein-
torces our position that different aspects of each networks can
all contribute bits of information that help predict the level of
attention an author will recerved more effectively. Note that
the best overall accuracy of 69% 1s not high, which i1s an
artifact of the high imbalance 1n class sizes. The ranking on 45
cach class however, 1s quite good, ranging from an AUC of
0.77 to 0.953. Nevertheless, we use accuracy as 1t serves as a
good summary statistic, allowing us to compare relative per-
formance across classes.

It 1s important to note that the top predictive measures for
this task are different from the previous task. Notably,
Retweet Pagerank 1s more effective than Past Retweets,
which was the best ranking measure for the viral task. One
possible explanation 1s that, while Past Retweets 1s suilicient
in 1dentitying the top retweeted, the level of second degree
retweeting 1s more relevant when discriminating the users
with low and medium levels of audience attention.

40
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TABLE VI
60
COMPARING DIFFERENT RANKING MEASURES
FOR PREDICTING THE ATTENTION
A TWITTERER WILL RECEIVE.

Measure Accuracy

64.89 65

64.52

Retweet Pagerank
Followers

10
TABLE VI-continued

COMPARING DIFFERENT RANKING MEASURES
FOR PREDICTING THE ATTENTION
A TWITTERER WILL RECEIVE.

Measure Accuracy
People Mentioned 63.63
People Retweeted 63.40
Retweets Made 63.3%
Follower Pagerank 63.31
Mentions Made 62.60
Friends 61.79
Past Retweets 61.16
Distinct Past Retweets 60.87
Mention Pagerank 60.51
Mentions Recerved 53.74
Distinct Mentions Received 53.49
Composite 69.07

There are a lot of factors that could influence different
levels of retweeting that are beyond what 1s captured by the
network measures we examine, €.g., hot topics in the news.
We would like to clarity that our objective 1s not to develop the
best model for prediction on this task. Instead, we want to
illustrate that constructing tasks such as this, allows us to
quantitatively compare socio-metrics and aid 1n the selection
of one or a composite of such centralities.

Rank Aggregation

In the discussion above, we have shown that combining
influence measures performs better than any single measure.
So far, we have used logistic regression in order to combine
the scores produced by each influence measure to produce a
composite score. However, given that the individual influence
measures produce an ordering of elements and not just a
point-wise score, we can, instead leverage approaches of
agoregating rankings. Methods for rank aggregation or pret-
erence aggregation have been used extensively i Social
Choice Theory, where there 1s no ground truth ranking, and as
such are unsupervised. Here, we introduce several supervised
approaches to rank aggregation that can be trained based on
the ground-truth ordering of a subset of elements. In the
discussion below, we compare several unsupervised and
supervised approaches of aggregating rankings for the task of
predicting viral potential.

The Rank Aggregation Task

We begin by formally defining the general task of rank
aggregation. Given a set of entities S, let V be asubset of S and
assume that there is a total ordering among entities 1n V. We
are given r individual rankers T, . . . , T, who specily their

order preferences of the m candidates, where m 1s size of 'V,
e, t~[d, . ..,d, ], =1, ..., nitd>...>d, deV,
1=1, ..., m. Rank aggregation function takes imnput orderings
from r rankers and gives T, which 1s an aggregated ranking
order. IT'V equals S, then T 1s called a full list (total ordering),
otherwise it 1s called a partial list (partial ordering).
All commonly-used rank aggregation methods, satisfy one
or more of the following desirable goodness properties [H.
Young and A. Levenglick, “A consistent extension of con-
dorcet’s election principle,” in SIAM Journal of Applied
Math, vol. 35(2), 1978, pp. 285-300.].
Unammity: It every ranker prefers d, to d,, 1=}, then the
aggregate ordering prefers d, to d..
Non-dictatorial: At least two voters should have the poten-
tial to aifect the outcome.
Independence from irrelevant alternatives: Relative order
ot d;and d, in aggregate only depends on relative order of

d; and d; in input orderings.
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Neutrality: If two candidates switch positions 1n every
input ordering, then they must switch positions 1n aggre-
gate.

Consistency: If rankers are split into P and Q, and both the
aggregate of P and aggregate of Q preters d, to d;, then
aggregation PUQ should also preter d; to d..

Condorcet Criterion: A Condorcet winner, player preferred
by most rankers to any other candidate, should be ranked
first 1n aggregate.

Extended Condorcet Criterion (ECC): Let us split the enti-
ties into two partitions, Q and R. It for all d,€Q and d €R,
a majority of rankers pretfer d, to d,, then the aggregate
should prefer d, to d..

In the discussion below, we compare rank aggregation
methods that satisty some of the above properties, as well as
supervised versions of these methods.

Borda Aggregation

In Borda rank aggregation [J. Borda, “Memoire sur les
clections au scrutin,” 1 Histoirve de | 'Academie Royale des
Scinences, 1'781.], each candidate 1s assigned a score by each
ranker; where the score for a candidate 1s the number of
candidates below him in each ranker’s preferences. The
Borda aggregation 1s the descending order arrangement of the
average Borda score for each candidate averaged across all
ranker preferences. Borda satisfies all goodness characteris-
tics except Condorcet and Extended Condorcet Critena. In
fact, 1t has been shown that no method that assigns weights to
cach position and then sorts the results by applying a function
to the weights associated with each candidate satisfies the
Condorcet criterion. This includes the logistic regression
approach we used in previous sections. This motivates us to
consider order-based methods for rank aggregation that sat-
isfies both Condorcet criteria.

Kemeny Aggregation

Kemeny 1s an order-based aggregation method [J. Kemeny,
“Mathematics without numbers.,” in /n Daedalus, vol. 88,
1939, pp. 571-591.], in which the final rank aggregation
reduces the number of pairwise disagreements between all
the rankers, 1.e., the average Kendall-Tau distance between to
T, 1=1, . . ., r1s minimum. Kemeny Optimal Aggregation 1s
the only function that 1s neutral, consistent and satisfies the
Condorcet criteria. However, 1t has been shown that comput-
ing Kemeny aggregation for r=4, 1s NP-Hard. So, instead we
use Local Kemenization [C. Dwork, R. Kumar, R. Naor, and
D. Sivakumar, “Rank aggregation methods for the web,” 1n
wWww, 2001.], which 1s a relaxation of Kemeny Optimal
aggregation that still satisfies the Extended Condorcet Crite-
rion.

Local Kemenization 1s computationally tractable in prac-
tice, as opposed to Kemeny Optimal Aggregation. A tull listt
is locally Keenly optimal, if there is no full list t* that can be
obtained by single transposition of adjacent pair of elements,
such that,

Ktrxy, ... x)<KTT,....T,)
where,
K(tvy,. .. v )=1rmXi=1k(TT)

The function k(o,t) 1s Kendall tau distance which is the
number of pairwise disagreements between two lists o and .
In other words, 1t 1s 1impossible to reduce the total distance
across all rankers from the local Kemeny aggregation, by
tlipping an adjacent pair in T. Every Kemeny optimal aggre-
gation 1s also locally Kemeny optimal, whereas the converse
1s false. Dwork et al. [C. Dwork, R. Kumar, R. Naor, and D.

Stvakumar, “Rank aggregation methods for the web,” 1n
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Wwww, 2001.] show that Local Kemenization satisfies the
Extended Condorcet Criterion and can be computed 1n O(rm
log m), where m 1s the size o1 V. The local Kemeny procedure
can be viewed as a stable sorting algorithm, where given an
initial ordering, elements di and dj are only swapped 11 d1 1s
preferred to dj by the majority of rankers (t’s). It 1s important
to note that the iitial aggregation passed to Local Kemeni-
zation may not necessarily satisiy Condorcet criteria. How-
ever, the process of Local Kemenization produces a final
ranking that 1s maximally consistent with the initial aggrega-
tion, and 1n which Condorcet winners are at the top of the list.
Supervised Rank Aggregation

Borda and Kemeny aggregations, being motivated from
social choice theory, strive for fairness and hence treat all
rankers as equally important. However, fairness 1s not a desir-
able property in our setting, since we know that some 1ndi-
vidual rankers (measures) perform better than others 1n our
target tasks—as evidenced by results 1n Tables III and VI. IT
we knew a prior1 which rankers are better, we could leverage
this information to produce a better aggregate ranking. In fact,
given the ordering of a (small) set of candidates, we can
estimate the performance of individual rankers and use this to
produce a better ranking on a new set of candidates. We use
such an approach to produce different supervised rank aggre-
gation methods, which we describe 1n more detail below.

In order to accommodate supervision, we extend Borda
and local Kemeny aggregation to incorporate weights asso-
ciated with each input ranking. The weights correspond to the
relative utility of each ranker, which may depend on the task
at hand. In this section, we focus on the task of viral prediction
as described the discussion below. As such, we weight each
ranker based on its (normalized) AUC computed on a valida-
tion (training) set of candidates, for which we know the true
retweet rates. Incorporating weights in Borda aggregation 1s
relatively straightiforward, where instead of simple averages,
we take weighted averages of Borda scores. This weighted
version ol Borda 1s presented in Algorithm 1 1n FIG. 6. When
called with uniform weights, we will refer to the algorithm
simply as Borda. When used with weights based on training
set performance, we will refer to 1t as Supervised Borda.

For supervised Local Kemenization, we incorporate
weights directly 1n sorting the 1nitial ordering. So, instead of
comparing candidates based on the preference of the simple
majority of individual rankers, we use a weighted majority.
This can be achieved by using weighted votes during the
creation of the majority table M—which represents the sum
of weights of the rankers who prefer the row candidate to the
column candidate for each pairwise comparison. This
weighted Kemeny procedure 1s presented in Algorithm 2 in
FIG. 6. As with Supervised Borda, we select weights based on
cach ranker’s AUC computed on a training set. When Algo-
rithm 2 1s invoked with uniform weights, we will refer to it as
Local Kemenization or LK. When used with the perfor-
mance-based weights, we will refer to 1t as Supervised LK.
Instead of using total orderings provided by each ranker, we
can also use partial orderings (for a subset of candidates). Of
particular interest, 1s using the partial ordering only on the top
k candidates for each ranker. We refer to this variant as Local
Kemeny TopK (LK TopK). In Algorithm 2, setting k to ISI
(the default) corresponds to Local Kemenization on total
orderings. Local Kemenization 1s sensitive to the initial input
ordering u provided to the algorithm. We experimented with
initializing with Borda and Supervised Borda.

Our weighted Local Kemenization algorithm can run with
varying three options, namely (1) with and without supervi-
s10m, (2) with total orderings or partial (top K) orderings, and
(3) with different initial orderings. We experimented with
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several combinations of these three options. By default, Local
Kememzation (LK) refers to unsupervised Local Kemeniza-
tion with total orderings and mitializing with Borda. All other
variants are listed in Table VII, where the names list the
departures from these defaults, and the initial ordering is
mentioned 1n parentheses, e.g. Supervised LK TopK (Super-
vised Borda) corresponds to using Supervised Borda for 1ni-
tialization, partial orderings for top K and the supervised
version of Local Kemenization. In all our experiments with
partial orderings we use the topranked 15% of candidates for
cach ranker.

Experimental Results

We compared the different supervised and unsupervised
rank aggregation techniques described above on the task of
predicting viral potential. As inputs to each aggregation
method we use the 13 different measures listed 1n Table II1.
Each measure 1s used to produce a total ordering of prefer-
ences over the 9625 candidates (twitter users), where ties are
broken randomly. We compared 8 rank aggregation methods
(See Table VII) to the logistic regression-based approach
discussed above.

Note that the results using logistic regression are based on
10-fold cross-validation. This means that the ground truth on
90% (=9000) twitter accounts 1s used for training. In practice,
we may expect to have the ground truth labeling only for a
small validation/training set. So here we experiment with
smaller training sets, comparing performance with increasing
amounts of labeled data. We average performance, measured
by AUC, over 20 runs of random stratified train-test splits for
different percentages of data used for training. Our results are
presented 1n Table VII and the most relevant comparisons can
be seen 1n FIG. 4. As baselines, we also compared with all 13
individual measures, but in the interest of brevity we only list
the best individual measure (Past Retweets) in our results.

As expected, the supervised versions of each rank aggre-
gation method performed better than the unsupervised ver-
sions. This distinction can be seen clearly in FIG. 7, which
compares the results of two pairs of aggregation approaches.
In FIG. 7, the performance of the Borda method and the
supervised Borda method are shown at 71 and 72, respec-
tively. The results of the Local Kemenization are shown at 73,
and the results of the supervised Local Kemenmization are
shown at 74. We also observe that all aggregation techniques
improve over the best individual rank measures. The excep-
tion here 1s Local Kemenization on total orderings, which can
often perform worse than Borda and Past Retweets. This 1s
counter to what one might expect from the work of Dwork et
al. [C. Dwork, R. Kumar, R. Naor, and D. Stvakumar, “Rank
aggresation methods for the web,” in WWW, 2001]. However,
the real benefit to using Local Kemenization can be seen
when 1t’s applied only to the partial ordering of the top k
candidates of each component ranking. When applied to par-
tial orderings, LK TopK performs better than Borda. These
results are improved by using the supervised weighted ver-
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sion Supervised LK TopK; which are further improved by
using Supervised Borda as the 1nitial ranking.

In FIG. 8 we see that, while logistic regression performs
well with ground truth on a large number of candidates, its
performance drops significantly with lower levels of super-
vision. In contrast, our supervised rank aggregations methods
are fairly stable, consistently beating the best individual rank-
ing and performing better than logistic regression 1n the more
realistic setting of moderately-sized training sets. In FIG. 8,
the results of the Past Retweets and of the Local Kemeniza-
tion are shown at 81 and 82, respectively. The results of the
LK TopK method are shown at 83, and the results of the
Supervised LK TopK method are shown at 84. Notably, the
best performing approach 1s Supervised LK

TABLE VII

RANK AGGREGATION PERFORMANCE MEASURE
IN AUC FOR VARIOUS TRAINING SET SIZES

Training Sample Size (%)

Ranking Method 3% 4% 5% 8% 10%
Borda 0.9085 0.9095 0.9087 0.9079 0.9087
Supervised Borda 09121 09134 0.9118 0.9101 0.9113
LK (Borda) 0.8872 0.8877 0.8843 0.8878 0.884%
Supervised LK 0.8872 0.8897 0.8862 0.8878  0.8857
(Borda)

LK TopK (Borda) 0.9131 09134 0.914 09126 0.9143
Supervised LK 0.9137 0.9139 0.9149 09126 0.9144
TopK (Borda)

LK TopK 0.9131 09134 0.914 09126 0.9143
(Supervised Borda)

Super. LK TopK 09174  0.9177 09168 0.9151 0.9172
(Super. Borda)

Logisitic Regression 0.8435 0.8744 09055 0.9149 0.9311
Past Retweets 0.8935 0.8947 0.8954 0.8944 0.8991

TopK (Supervised Borda). Which confirms the advantages of
supervised locally optimal order-based ranking compared to
score-based aggregation, as 1 Borda, and unsupervised
methods.

Who 1s Going Viral?

In the discussion below, we provide a qualitative analysis
of our data, taking a closer look at a number of twitterers who
are most olten retweeted. What 1s most interesting 1s the
diversity in the behavior on Twitter. Table VIII shows the top
8 users with more than 500 retweets 1n the week-long test
period. Here we observe anecdotally that no single one mea-
sure 1s a good indicator of viral potential. Comparing to
previous time periods, only the top 2 users have consistently
high retweet rates. However, some others, e.g., go from 3 or 7
retweets 1 one week to more than 500 1n the next. Looking at
the actual tweets, we 1dentily at least 4 archetypes 1n our
dataset:

The Web-aggregator 1s very active on Twitter and the Inter-
net in general. He or she posts many tweets, the majority of
which have shortened URL’s to other web content. He 1s
typically not retweeting too much himself, but 1s following a

TABLE VIII

STATISTICS ON THE 8 MOST REBROADCASTED USERS.

Past Retweets  Mention Mentions Tweets Retweets District Past
User Followers Friends Retweets Made Received Made (test) (test) Retweets
Flipbooks 25539 8129 940 27 534 83 1604 2904 1029
chris- 215626 85485 1965 26 2383 72 585 1110 971
brogan
trinarock- 230418 189 7 0 0 2 138 1017 742

starr
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STATISTICS ON THE 8 MOST REBROADCASTED USERS.

Past Retweets Mention  Mentions
User Followers Friends Retweets Made Recerved Made
cardosoa 33104 119 107 26 0 60
lizarddawg 17187 RO75 3R80 2 548 83
buzz- 92535 46169 109 42 0 173
edition
therealtar)i 41541 27 3 1 0 1
littleangle- 703 208 65 22 69 14
mee

fair number of users. Examples of this category are thpbooks,
chrisbrogan, buzzedition, and lizzarddawg. The topics they
mention can be diverse: some users in this group promote
political views—some of which are rather controversial.

The provocateur posts strong personal statements and
sometimes links to provocative external content. She 1s appar-
ently an aspiring actress with a notable fan base reading her
tweets. This type of eflective viral creator posts a limited
number of tweets, has many followers but 1s following only a
moderate number of other users and has many more retweets
than tweets. The other user 1n this class 1s cardoso.

The self/event promoter 1s similar to the previous category,
but 1s using Twitter as one of many platforms to specifically
promote her/himsell and special events. Depending on the
degree of success we see a much larger list of followers over
the number of users being followed. An example 1s trinarock-
starr. Note that 1n the past there was very little activity 1n her
account. The activity 1n the prediction period 1s related to the
Orlando Classic Concert where she was performing.

The conversationalist 1s using twitter very extensively, as a
substitute for instant messaging, to have a group chat with
friends, e.g. littleangelmee. For such users, we see a rather
small number of followers and a small list of users being
tollowed. The most notable characteristic of this category 1s

that the number of unique users retweeting a conversationalist
1s very small.

The method of the present invention will be generally
implemented by a computer executing a sequence ol program
instructions for carrying out the steps of the method and may
be embodied 1n a computer program product comprising
media storing the program instructions. Referring to FI1G. 9, a
computer system 100 1s depicted on which the method of the
present mvention may be carried out. Processing unit 102,
houses a processor, memory and other systems components
that implement a general purpose processing system that may
execute a computer program product comprising media, for
example a floppy disc that may beread by processing unit 102
through tloppy drive 104.

The program product may also be stored on hard disk
drives within processing unit 102 or may be located on a
remote system 106 such as a server, coupled to processing
unit 102, via a network interface, such as an ethernet inter-
face. Monitor 110, mouse 112 and keyboard 114 are coupled
to processing unit 102, to provide user interaction. Scanner
116 and printer 120 are provided for document mnput and
output. Printer 120, 1s shown coupled to processing unit 102
via a network connection, but may be coupled directly to the
processing unit. Scanner 116 1s shown coupled to processing,
unit 102 directly, but it should be understood that peripherals
may be network coupled or direct coupled without affecting,
the ability of computer system 100 to perform the method of
the 1nvention.
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Tweets Retweets District Past
(test) (test) Retweets
625 990 531
1920 967 409
733 831 698
63 727 635
1800 694 53

While it 1s apparent that the invention herein disclosed 1s
well calculated to achieve the features discussed above, 1t will
be appreciated that numerous modifications and embodi-
ments may be devised by those skilled 1n the art, and it 1s
intended that the appended claims cover all such modifica-
tions and embodiments as fall within the true spirit and scope
of the present invention.

The mnvention claimed 1s:

1. A method of predicting users who will have a specified
influence 1n a social network, comprising:

identilying a set of users of the social network;

identifying a subset of the users as influential users based

on defined critena;

identifying a multitude of user behavior measures as pre-

dictors of which ones of the set of users are said influ-
ential users:

forming a composite predictor model from said user pre-

dictor measures to determine which ones of the set of
users will have a specified mfluence 1n the social net-
work 1n the future, including

using each of said measures to provide a respective one

ranking of the influence in the social network of an
associated group of users of the set of users;
aggregating said respective one rankings to form an aggre-
gate ranking of said associated group of the users; and
using said aggregate ranking to predict which ones of the
set of users will have a specified mfluence 1n the social
network in the future.

2. The method according to claim 1, wherein:

in said social network, messages are sent by and among the

set of users; and

the using said aggregate ranking to predict which ones of

the set of users will have a specified influence in the
social network 1n the future includes using said aggre-
gate ranking to predict which ones of the set of users will
have the most number of the messages sent from said
ones of the users re-sent by others of the users.

3. The method according to claim 1, wherein the using each
ol said measures to provide a respective one ranking of an
associated group of the users includes:

obtaining a training set of data from the set of users, 1nclud-

ing determining, for each of the users, how many mes-
sages sent by said each user 1n a specified time period
that were re-sent by other users; and

using said training set of data to determine, for each of the

measures, an effectiveness of said each measure as pre-
dicting which ones of the set of users sent the messages
that were most re-sent by the other users.

4. The method according to claim 1, wherein the forming,
the composite predictor model includes using all of said mul-
titude of measures to form the composite predictor model.
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5. The method according to claim 1, wherein the forming
the composite predictor model includes using only some of
said multitude of measures to form the composite predictor
model.

6. The method according to claim 1, wherein the forming
the composite predictor model includes combiming all of said
measures through logistic regression to form the composite
predictor model.

7. The method according to claim 1, wherein:

the 1dentifying a subset of the users includes separating the

set of users 1nto a multitude of classes according to
degrees of 1influence of the users based on said defined
criteria; and

the using said composite predictor model includes using

the composite predictor model to predict how often users
in the different classes will have said specified intluence
in the social network 1n the future.

8. The method according to claim 1, wherein:

the 1dentifying a subset of the users includes separating the

set of users into a multitude of classes according to a
degree of influence of each of the users based on said
defined criteria; and

the aggregating 1s based on an accuracy of each of the

measures as a predictor of which of the users are in
which of the classes.

9. The method according to claim 1, wherein:

the aggregating includes assigning different weights to the

multitude of rankings based on defined criteria to form a
supervised rank aggregation of said measures; and

the forming the composite predictor model includes using

said supervised rank aggregation of said measures to
form the composite predictor model.

10. The method according to claim 1, wherein the identi-
tying a subset of the users as intluential includes:

identifying a class of users whose messages have been

re-sent more than a given number of times 1 a given
time period;

using logistic regression to train a model on the user behav-

1or measures of said identified class of users on historical
data, and then using the model to predict a potential for
re-sending ol messages 1n a test time period.
11. A system for predicting users who will have a specified
influence 1n a social network, said social network includes an
identified set of users and a subset of the users 1dentified as
influential users based on defined criteria, the system com-
prising one or more processing units configured for:
forming a composite predictor model from a multitude of
user behavior measures 1dentified as predictors of which
ones of the set of users are the influential users to deter-
mine which ones of the set of users will have a specified
influence 1n the social network in the future, including

using each of said measures to provide a respective one
ranking of the intluence in the social network of an
associated group of users of the set of users;

aggregating said respective one rankings to form an aggre-
gate ranking of said associated group of users; and

using said aggregate ranking to predict which ones of the
set of users will have a specified influence 1n the social
network in the future.

12. The system according to claim 11, wherein:

in said social network, messages are sent by and among the

set of users; and

the using said aggregate ranking to predict which ones of

the set of users will have a specified influence 1n the
social network 1n the future includes using said aggre-
gate ranking to predict which ones of the set of users will
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have the most number of the messages sent by said one
of the users that are resent by other users.

13. The system according to claim 11, wherein, 1n said
social network, messages are sent by and among the set of
users, and wherein the comparing said measures includes:

obtaining a traiming set of data from the set of users, includ-

ing determining, for each user in the set of users, how
many messages sent by said each user 1n a specified time
period were re-sent by other users; and
using said training set of data to determine, for each of the
measures, an effectiveness of said each measure as pre-
dicting which ones of the set of users sent the messages
that were most re-sent by the other users; and

aggregating said measures based on said determined effec-
tiveness of said each of the measures.
14. The system according to claim 11, wherein the forming
the composite predictor model includes combiming all of said
measures through logistic regression to form the composite
predictor model.
15. The system according to claim 11, wherein:
the subset of the users 1s identified by separating the set of
users 1nto a multitude of classes according to degrees of
influence of said users based on said defined criteria; and

the using said composite predictor model 1includes using
the composite predictor model to predict how often users
in the different classes will have said specified influence
in the social network 1n the future.
16. An article of manufacture comprising:
at least one tangible computer readable hardware medium
having computer readable program code logic tangibly
embodied therein to predict users who will have a speci-
fled influence 1n a social network, said social network
includes an 1dentified set of users and a subset of the set
of users 1dentified as mfluential users based on defined
criteria, said computer readable program code logic,
when executing, performing the following:
forming a composite predictor model from a multitude of
user behavior measures 1dentified as predictors of which
ones of the set of users are the influential users to deter-
mine which ones of the set of users will have a specified
influence in the social network in the future, including

using each of said measures to provide a respective one
ranking of the influence 1n the social network of an
associated group of users of the set of users;

aggregating said respective one rankings to form an aggre-
gate ranking of said associated group of users; and

using said aggregate ranking to predict which ones of the
set of users will have a specified effect i the social
network in the future.

17. The article of manufacture according to claim 16,
wherein:

in said social network, messages are sent by and among the

set of users; and

the using said aggregate ranking to predict which ones of

the set of users will have a specified influence 1n the
social network 1n the future 1includes using said aggre-
gate rankings to predict which ones of the set of users
will have the most the number of the messages sent by
said ones of the users that are re-sent by other users.

18. The article of manufacture according to claim 16,
wherein, 1n said social network, messages are sent by and
among the set of users, and wherein the aggregating said
measures includes:

obtaining a traiming set of data from the set of users, includ-

ing determiming, for each of the users in the set of users,
how many messages sent by said each user 1n a specified
time period were re-sent by other users; and
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using said training set of data to determine, for each of the
measures, an effectiveness of said each measure as pre-
dicting which ones of the set of users sent the messages
that were most re-sent by the other users; and

aggregating said measures based on said determined effec-
tiveness of said each of the measures.

19. The article of manufacture according to claim 16,
wherein:

the 1dentifying a subset of the users includes separating the

set of users 1nto a multitude of classes according to
degrees of influence of the users based on said defined
criteria; and

the using said composite predictor model 1includes using

the composite predictor model to predict how often users
in the different classes will have said specified intfluence
in the social network 1n the future.

20. The article of manufacture according to claim 16,
wherein the forming the composite predictor model includes:

assigning different weights to the multitude of measures

based on defined criteria to form a supervised rank
agoregation of said measures; and

using said supervised rank aggregation of said measures to

form the composite predictor model.

21. A method of predicting users who will have a specified
influence 1n a social network, wherein said social network
includes an 1dentified set of users and a subset of the users
identified as influential users based on defined criteria, 1n said
social network, messages are sent by and among the set of
users, and said influential users are i1dentified based on the
messages sent by the users, the method comprising:

identifying a multitude of user behavior measures as pre-

dictors of which ones of the set of users are the intluen-
tial users:

forming a composite predictor model from said user pre-

dictor measures to determine which ones of the set of
users will have a specified influence 1n the social net-
work 1n the future, including

using each of said measures to provide a respective one

ranking of the influence in the social network of an
associated group of users of the set of users;

10

15

20

25

30

35

20

aggregating said respective one rankings to form an aggre-
gate ranking of said associated group of the users; and

using said aggregate ranking to predict which ones of the
set of users will have a specified influence 1n the social
network 1n the future.

22. The method according to claim 21, wherein:

in said social network, messages are sent by and are among,

the set of users; and

the using said aggregate ranking to predict which ones of

the set of users will have a specified influence 1n the
social network 1n the future includes using said aggre-
gate ranking to predict which ones of the set of users will
have the most number of the messages sent from said
ones of the users that are re-sent by other users.

23. The method according to claim 21, wherein the aggre-
gating said measures includes:

obtaining a traiming set of data from the set of users, includ-

ing determining, for each user in the set of users, how
many messages sent by said each user 1n a specified time
period were re-sent by other users; and
using said training set of data to determine, for each of the
measures, an effectiveness of said each measure 1n pre-
dicting which ones of the set of users sent the messages
that were most re-sent by the other users; and

aggregating said measures based on said determined effec-
tiveness of said measures.

24 . The method according to claim 21, wherein the forming
the composite predictor model includes combiming all of said
measures through logistic regression to form the composite
predictor model.

25. The method according to claim 21, wherein the forming,
the composite predictor model includes:

assigning different weights to the multitude of measures

based on defined criteria to form a supervised rank
aggregation of said measures, including weighting each
of said measures based on anormalized correlation com-
puted on a training set of data; and

using said supervised rank aggregation of said measures to

form the composite predictor model.
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